Journal of Marketing Research 


Annotated Subject Index and Author /Title Index 
Volume XVII, 1980 


ANNOTATED SUBJECT INDEX 
Advertising and Media Research 
Attitude Theory Research 

MORNE CROCE bee) ok oie teen ra hte gee. RO nee et 
Buyer Behavior 

Channels of Distribution 
Computer Abstracts 

Economic Models 

Forecasting 

Industrial Marketing 

Information Processing 
Measurement 

New Product Research 

Pricing Research 

Regression and Other Statistical Techniques 
Sampling and Survey Research 
Scaling Methods 

Segmentation Research 

Social Issues and Public Policy 
AUTHOR/TITLE INDEX 
BOOK REVIEWS 


ADVERTISING AND MEDIA RESEARCH 


Applied Dynamic Pricing and Production Models with Specific 
Application to Broadcast Spot Pricing, LEONARD M. LODISH, 
May, 203. 


See ‘Pricing Research”’ 


Contextual Influences on Consumer Price Responses: An Experi- 
mental Analysis, ERIC N. BERKOWITZ and JOHN R. WAL- 
TON, August, 349. 

See ‘‘Pricing Research’’ 


Controlled Field Study of Corrective Advertising Using Multiple 


Exposures and a Commercial Medium, A, RICHARD. W. MI- © 


ZERSKI, NEIL K. ALLISON, and STEPHEN CALVERT, 
August, 341. 

An ‘“‘on-air’’ radio test was made of the Listerine corrective 
advertising remedy. The method applied is an improvement on 
previously used approaches in terms of ‘‘natural’’ exposure, 
multiple exposure to the corrective commercial, and a separation 
of experimental treatments from the dependent measures. In 
contrast to the results of previous studies, the corrective commer- 
cial is found to be effective in lowering target beliefs, yet precise 
enough to have no significant effect on any other dependent 
variables. 


Effectiveness of Industrial Print Advertisements Across Product 
Categories, The, DOMINIQUE M. HANSSENS and BARTON 
A. WEITZ, August, 294. 

The relationships between 24 print ad characteristics and recall, 
readership, and inquiry-generation measures of effectiveness are 
examined for 1160 industrial ads. Both recall and readership are 


strongly related to format and content characteristics of industrial 
ads. The relationship between inquiry-generation and ad charac- 
teristics is significant but weaker. Some characteristics, such 
as ad size and position in the magazine, are consistently related 
to effectiveness across product categories and effectiveness 
measures. The effects of other characteristics, such as the use 
of four colors and attention-getting techniques, are specific to 
the product category and effectiveness measure. In addition to 
these substantive findings, methodological issues in model devel- 
opment and testing are presented. 


Experimental Investigation of Comparative Advertising, An: Impact 


of Message Appeal, Information Load, and Utility of Product 
Class, STEPHEN GOODWIN and MICHAEL ETGAR, May, 
187. 

A three (message appeal: supportive, brand X, and comparative) 
by two (product class utility: social and functional) by three 
(information load: low, medium, and high) factorial experimental 
design (with covariates) was used to explore communications 
effectiveness of the three modes of advertising appeals. ANOVA 
results show that the comparative mode appears to be superior 
only for the affective responses to the ad itself. The brand X 
mode of message appeal generally is superior to other modes 
for cognitive, affective, and conative responses toward the 
promoted brand. However, the differences are only partially 
significant at p < .05. In no case is the supportive mode superior. 
Some weak evidence of information overload is also uncovered. 
Several personality variables did not have significant effects on 
the relative effectiveness of the different appeals. Lack of 
substantial interaction effects among the three factors indicates 
that advertisers can determine message appeal, amount of in- 
formation provided, and type of products to be promoted 
independently of each other. 


Models of Competitive Television Ratings, DENNIS GENSCH and 


PAUL SHAMAN, August, 307. 

In a time series analysis of prime time network television 
viewing data a weekly trigonometric regression model is used 
to predict the total network viewing for specific times on specific 
days of the year. These predictions are very accurate. Four 
network share models, each based on different assumptions about 
how the activity of television viewing interacts with nonviewing 
activities and the strength of program loyaities, are used to allocate 
the total network prediction to specific program predictions. The 
predictions of the network share model are compared with the 
highly accurate published predictions of an expert who explained 
his predictions on the basis of demographic and program content 
considerations. The predictions of the network share models, 
which do not utilize demographic or program content information, 
compare reasonably well with the expert judgment predictions. 
The authors suggest how demographic, program content, and 
competitive bridging information would be incorporated within 
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the framework provided by the time series models to produce 
advanced network scheduling models. 


Policy-Related Experiments in Information Provision: A Normative 
Model and Explication, MICHAEL J. HOUSTON and MI- 
CHAEL L. ROTHSCHILD, November, 432. 

See ‘‘Social Issues and Public Policy”’ 


Reducing the Costs of TV Commercials by Use of Time Compres- 
sions, JAMES MacLACHLAN and MICHAEL H. SIEGEL, 
February, 52. 

The amount of time needed to broadcast a television commercial 
can be reduced by means of an electronic process called time 
compression. A 30-second commercial can be broadcast in 24 
seconds by this process. No shift occurs in voice pitch and subjects 
are not aware that commercials have been altered. Recall scores 
are substantially higher for time compressed commercials than 
for their normal speed counterparts. There is a 36% increase 
in unaided recall scores and a 40% increase in aided recall scores. 


Television Commercial Wearout: An Information Processing View, 
BOBBY J. CALDER and BRIAN STERNTHAL, May, 173. 

Repetition of a pattern of television commercials caused 
wearout in viewers’ evaluation of the commercials and the 
products being advertised. As predicted by an information pro- 
cessing view, wearout was not forestalled by strategies designed 
to enhance attention. 


Testing Cumulative Advertising Effects: A Comment on Method- 
ology, DOYLE L. WEISS and PIERRE M. WINDAL, August, 
ait. 

Griliches’ test is not completely adequate for discriminating 
among several popular models of advertising effectiveness and, 
as a result, its use by several researchers in that area has produced 
inconclusive results. The authors review some past applications 
of Griliches’ test and develop a testing procedure which will 
properly discriminate between models of current and cumulative 
advertising effects. Finally, an empirical example of the proposed 
procedure is presented. 


ATTITUDE THEORY RESEARCH 


Congnitive Model of the Antecedents and Consequences of Satis- 
faction Decisions, A, RICHARD L. OLIVER, November, 460. 

A model is proposed which expresses consumer satisfaction 
as a function of expectation and expectancy disconfirmation. 
Satisfaction, in turn, is believed to influence attitude change 
and purchase intention. Results from a two-stage field study 
support the scheme for consumers and nonconsumers of a flu 
inoculation. 


BRAND CHOICE 


Adding Explanatory Variabies to a Consumer Purchese Behavior 
Model: An Exploratory Study, J. MORGAN JONES and FRED 
S. ZUFRYDEN, August, 323. 


See ‘‘Buyer Behavior”’ 


Determination of Optimal Sample Sizes in the Beta-Binomial Brand 
Choice Model, MOSHE M. GIVON, February, 58. 

Estimation of parameters in stochastic models of brand choice 
behavior requires the determination of two sample sizes: the 
number of consumers and the number of purchase occasions 
observed for each consumer. A method for determmation of 
optimal sample sizes is presented and illustrated by an application 
to the beta-binomial model. 


Reexamination of Group Influence on Member Brand Preference, 


JOURNAL OF MARKETING RESEARCH, NOVEMBER 1980 


A, JEFFREY D. FORD and ELWOOD A. ELLIS, February, 
125. 

A direct replication of Stafford’s experiment on the role of 
group influence on member brand preferences for bread was 
conducted. Findings contrary to those of Stafford were obtained, 
indicating that products which are low in visibility, complexity, 
and perieived risk and high in testability are not susceptible 
to group influence. 


Reflections on ‘‘Stochastic Preference Theory: Some Unresolved 
Questions,’” FRANK M. BASS, August, 383. 
Bass replies to Zielinski’s comments on stochastic preference 
theory. 


Stochastic Brand Choice Framework for Econometric Modeling 
of Time Series Market Share Behavior, A, FRANK M. BASS 
and THOMAS L. PILON, November, 486. 

See ‘‘Econometric Models’’ 


Stochastic Preference Theory: Some Unresolved Questions, JOAN 
ZIELINSKI, August, 379. 

The theory of stochastic preference and brand switching 
proposed by Bass appears to be unable to estimate brand switching 
in the independent subgroups of the stochastic preference group. 
Also, the estimation of the probability of stochastic choice is 
sometimes problematic. 


Validity of Information Display Boards: An Assessment Using 
Longitudinal Dataa DONALD R. LEHMANN and WILLIAM 
L. MOORE, November, 450. 

See ‘‘Information Processing”’ 


BUYER BEHAVIOR 


Adding Explanatory Variables to a Consumer Purchase Behavior 
Model: An Exploratory Study, J. MORGAN JONES and FRED 
S. ZUFRYDEN, August, 323. 

A new stochastic choice model is proposed which can in- 
corporate any number of explanatory variables. The model 
combines logit regression, heterogeneity, and product class pur- 
chase incidence concepts. The authors describe an exploratory 
study of the model, in which itis found to fit a certain situation 
very well. 


Application of Sequential Analysis in Market Research, The, E. 
J. ANDERTON, K. GORTON, and R. TUDOR, February, 97. 
See ‘‘Regression and Other Statistical Techniques’’ 


Cognitive Model of the Antecedents and Consequences of Satisfac- 
tion Decisions, A, RICHARD L. OLIVER, November, 460. 
See ‘‘Attitude Theory Research’’ 


Comment on ‘‘A Major Price-Perceived Quality Study Reexam- 
ined,’’ J. DOUGLAS McCONNELL, May, 263. 
See ‘‘Pricing Research’’ 


Complementary Use of Multivariate Procedures to Investigate 
Nonlinear and Interactive Relationships Between Personality and 
Product Usage, The, CHARLES M. SCHANINGER, V. 
PARKER LESSIG, and DON B. PANTON, February, 119. 

See ‘‘Regression and Other Statistical Techniques” 


Contextual Influences on Consumer Price Responses: An Experi- 
mental Analysis, ERIC N. BERKOWITZ and JOHN R. WAL- 
TON, August, 349. 

See ‘‘Pricing Research’’ 


Controlled Field Study of Corrective Advertising Using Multiple 
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Exposures and a Commercial Medium, A, RICHARD W. MI- 
ZERSKI, NEIL K. ALLISON, and STEPHEN CALVERT, 
August, 341. 

See “‘Advertising and Media Research” 


Discrimination Testing and Product Decisions, HOWARD R. MOS- 
KOWITZ, BARRY JACOBS, and NEIL FIRTLE, February, 
84. 

Respondents were given beverages containing different 
amounts of sweetener. Two types of experimental evaluations 
were performed. In the first type (paired preferences, double 
triangle discrimination testing), respondents were tested for ability 
to discriminate differences between beverages having different 
sweetener levels and also were asked to indicate which they 
preferred. In the second type (magnitude estimation), respondents 
gave nuerical ratings to product attributes. In both instances 
the sweeter products were preferred, or liked more. Discriminating 
respondents, as identified from the double triangle test or from 
their ability to track sweetness numerically by ratings, showed 
the same pattern of preferences as did the total population. Hence, 
the use of a ‘“‘discriminating’’ panel of respondents to assess 
sensory differences may not necessarily afford better product 
decisions. 


Ehrenberg’s Negative Binomial Model Applied to Grocery Store 
Trips, GIL A. FRISBIE, JR., August, 385. 
See “‘Econometric Models’’ 


Industrial Buyers’ Choice Strategies: A Protocol Analysis, 
LOWELL E. CROW, RICHARD W. OLSHAVSKY, and JOHN 
O. SUMMERS, February, 34. 

See ‘‘Industrial Marketing”’ 


Lognormal Distribution of Buying Frequency Rates, RAYMOND 
J. LAWRENCE, May, 212. 
See ‘‘Econometric Models”’ 


Major Price-Perceived Quality Study Reexamined, A, PETER C. 
RIESZ, May, 259. 
See ‘‘Pricing Research’’ 


New Model for Predicting Behavioral Intentions, A: An Alternative 
to Fishbein, PAUL R. WARSHAW, May, 153. 
The Fishbein intention model often produces weak and inconsis- 
tent predictions in marketing applications. Of equal concern, high 
multicollinearity between independent variables is typical. A new 
intention model was developed and tested. Results show high 
stability, reliability, and predictiveness across diverse test pro- 
ducts, with very low intercorrelations between explanatory varia- 
bles. 


On Using Response Latency to Measure Preference, DAVID A. 
AAKER, RICHARD P. BAGOZZI, JAMES M. CARMAN, and 
JAMES M. MacLACHLAN, May, 237. 

See ‘‘Measurement’’ 


Path Analysis of Buyer Behavior Under Conditions of Crowding, 
GILBERT D. HARRELL, MICHAEL D. HUTT, and JAMES 
C. ANDERSON, February, 45. 

By use of path analysis on data from 600 shoppers, the authors 
explore the sequential relationships among several variables 
pertinent to retail crowding. Results furnish evidence that per- 
ceived crowding systematically affects shopping behavior and 
consumers’ feelings about retail outlets and shopping trips. 


Predicting Purchase and Other Behaviors from General and Contex- 
tually Specific Intentions, PAUL R. WARSHAW, February, 26. 
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Marketing research often finds weak correspondence between 
purchase intentions and subsequent behaviors. The author claims 
lack of contextually specific measures is partially responsible. 
Existent research supports this contention. The study reported 
empirically compares direct and conditional intentions as predic- 
tors of soft drink purchases. The conditional format is more 
predictive. 


Reexamination of Group Influence on Member Brand Preference, 
A, JEFFREY D. FORD and ELWOOD A. ELLIS, February, 
125. 

See “‘Brand Choice’’ 


Reflections on ‘‘Stochastic Preference Theory: Some Unresolved 
Questions,’” FRANK M. BASS, August 383. 
See “‘Brand Choice’’ 


State-of-Mind Effects on the Accuracy with Which tility Functions 
Predict Marketplace Choice, PETER WRIGHT and MARY ANN 
KRIEWALL, August, 277. 

See “‘Measurement”’ 


Stochastic Preference Theory: Some Unresolved Questions, JOAN 
ZIELINSKI, August, 379. 
See ‘“‘Brand Choice”’ 


Structure of Repeat Buying for New Packaged Goods, MANOHAR 
U. KALWANI and ALVIN J. SILK, August, 316. 

Results from empirical tests of three hypotheses about the 
structure of repeat buying for new packaged goods are reported. 
Maximum likeliliood parameter estimates of the underlying depth 
of repeat buying model are presented for four new brands. The 
findings support the hypotheses, which offer a foundation for 
pre and early test market forecasting. 


Testing the Effectiveness of Alternative Foot-in-the-Door 
Manipulations, ROBERT A. HANSEN and LARRY M. ROBIN- 
SON, August, 359. 

See ‘‘Sampling and Survey Methods’”’ 


Value of Information for Selected Appliances, The, BRIAN T. 
RATCHFORD, February, 14. 
A model expressing the relation between gains to search and 
a consumer’s preference function is developed. For four of five 
appliances to which the model was applied, extensive search 
would not be worthwhile for a consumer whose preferences 
approximate the market hedonic price function. 


CHANNELS OF DISTRIBUTION 


Financial Terms of Sale and Control of Marketing Channel Conflict, 
MICHAEL LEVY and DWIGHT GRANT, November, 524. 

As interest rates increase, financial terms of sa!e become a 
more important source of funds for customers and a more 
expensive cost for suppliers. As each party seeks to satisfy 
self-interest, channel conflict may occur. The authors explore 
terms both normatively and positively. The discussion leads to 
managerial implications useful for avoiding channel conflict. 


COMPUTER ABSTRACTS 


ADOPTEST: A Program to Develop an Efficient Strategy for the 
Introduction of a New Product by Predicting Market and Financial 
Success, EDGAR PESSEMIER and RICHARD SKRZYNECKI, 
November, 543. 


DFORC: An Interactive System for Generating Forecasts of the 
Decay Phase of a Product’s Life Cycle, MICHAEL E. BALDIGO, 
November, 545. 
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DPMP: A Program for Applying Dynamic Programming an¢ Markov 
Process, ABDUL W. HAMMOOD and RAMNAGER V. KE- 
SHAV, November, 541. 


GAMEI: A Program for Computing brand Locations for Sales 
Maximization in a Multidimensional Attribute Space, J. M. 
LIBOVE and A. HIBSHOOSH, November, 541. 


NEGBIN: An Analysis of Repeat-Buying Data Via the Negative 
Binomial and Related Distributions, R. DALE WILSON and 
STEPHEN C. ROOD, November, 544. 


PI: A Program to Check Preferential Independence Conditions, 
HENRY B. PERSON, November, 539. 


UPDAT: A Subroutine for Updating Parameter Estimates, SAN- 
YUN W. TSAI and NORVAL F. POHL, November, 542. 


ECONOMETRIC MODELS 


Adding Explanatory Variables to a Consumer Purchase Behavior 
Model: An Exploratory Study, JJ MORGAN JONES and FRED 
S. ZUFRYDEN, August, 323. 

See ‘“‘Buyer Behavior’’ 


Applied Dynamic Pricing and Production Models with Specific 
Application to Broadcast Spot Pricing, LEONARD M. LODISH, 
May, 203. 

See ‘‘Pricing Research’’ 


Determination of Optimal Sample Sizes in the Beta-Binomial Brand 
Choice Model, MOSHE M. GIVON, February, 58. 
See “‘Brand Choice’’ 


Ehrenberg’s Negative Binomial Model Applied to Grocery Store 
Trips, GIL A. FRISBIE, JR, August, 385. 

Ehrenberg’s negative binomial distribution model is applied 
to a new facet of consumer behavior, the frequency of household 
filler trips to food stores. Goodness-of-fit tests and intertemporal 
predictions are assessed. The overall verdict is that the model 
serves as a good representation of the trips to grocery stores. 


Estimation and Forecast Performance of a Multivariate Time Series 
Model of Sales, MARK MORIARTY and GERALD SALAMON, 
November, 558. 

See ‘‘Forecasting”’ 


Levels of Aggregation in Conjoint Analysis: An Empirical Compari- 
son, WILLIAM L. MOORE, November, 516. 
See ‘‘Regression ard Other Statistical Techniques’”’ 


Lognormal Distribution of Buying Frequency Rates, The, RAY- 
MOND J. LAWRENCE, May, 212. 

The lognormal distribution is shown to account well for purchase 
frequency heterogeneity in the U.S. dentifrice market, including 
subgroups of households. Renewal process assumptions are used 
to define the market population. As the definition would exclude 
some very infrequent buyers, left-truncated lognormal distribu- 
tions are fitted to the data. 


Market Response, Competitive Behavior, and Time Series Analysis, 
DOMINIQUE M. HANSSENS, November, 470. 

The author’s principal objective is to present a framework 
for market analysis which specifically models primary demand, 
competitive reaction, and feedback effects of the market vari- 
ables. The approach is an extension of earlier work by Clarke 
and by Lambin, Naert, and Bultez on the relationship among 
the elasticities of the marketing variables. The author develops 
this framework and formulates an approach for empirical applica- 
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tions based on principles of time series analysis. In particular, 
Granger’s well-known causality definition is used in conjunction 
with Box-Jenkins analysis to find the nonzero elements in the 
marketing model. These principles are applied empirically to the 
case of a city pair of the U.S. domestic air travel market, where 
three major airlines compete on the basis of flight scheduling 
and advertising. The analysis reveals that flight scheduling has 
a market-expansive or a competitive effect, depending on the 
competitor, and that advertising does not have a significant impact 
on performance. In addition, several patterns of competitive 
reactions are found. The author offers observations on the 
theoretical and empirical aspects of this approach to marketing 
model building. 


Maximum Likelihood Estimation of Zero-Order Models Given 
Variable Numbers of Purchases per Household, MANOHAR U. 
KALWANI, November, 547. 

Consumer panel data are typically available for a fixed duration 
of time (say, a year) during which buyers invariably make different 
numbers of purchases in the product class. The author describes 
a method for estimating zero-order models from panel data 
containing different numbers of purchase records per household. 


Measuring Correlation in Ordered Two-Way Contingency Tables, 
ULF OLSSON, August, 391. 
See ‘‘Regression and Other Statistical Techniques’’ 


Models of Competitive Television Ratings, DENNIS GENSCH and 
PAUL SHAMAN, August, 307. 
See ‘‘Advertising and Media Research’’ 


New Model for Predicting Behavioral Intentions, A: An Alternative 
to Fishbein, PAUL R. WARSHAW, May, 153. 
See “‘Buyer Behavior’ 


On Using Response Latency to Measure Preference, DAVID A. 
AAKER, RICHARD P. BAGOZZI, JAMES M. CARMAN, and 
JAMES M. MacLACHLAN, May, 237. 

See ‘‘Measuremeni”’ 


Possibie Biases in Parameter Estimation with Store Audit Data, 
ROBERT SHOEMAKER and LEWIS G. PRINGLE, February, 
91. 

See ‘‘Measurement”’ 


Predicting Purchase and Other Behaviors from General and Contex- 
tually Specific Intentions, PAUL R. WARSHAW, February, 26. 
See “‘Buyer Behavior’’ 


Predicting Response Speed in Mail Surveys, STEPHEN J. HUX- 
LEY, February, 63. 
See ‘Sampling and Survey Methods”’ 


Reflections on ‘‘Stochastic Preference Theory: Some Unresolved 
Questions,’” FRANK M. BASS, August, 383. 
See ‘“‘Brand Choice”’ 


Regression Model for Market Segmentation Studies, A, ALBERT 
R. WILDT and JOHN M. McCANN, August, 335. 
See ‘“‘Segmentation Research’’ 


Sample Size Requirements for Zero-Order Models, MANOHAR 
U. KALWANI and DONALD G. MORRISON, May, 221. 

The authors report the sample sizes required to obtain maximum 
likelihood estimates of parameters in a zero-order model. In the 
typical formulation of the model, parameter estimation requires 
about 2000 individuals with five purchases per consumer. The 
original parameters can be easily transformed, however, into 
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a market share estimate and a polarization index that convey 
the key information sought from the model. Estimation of the 
transformed parameters requires smaller samples of about 400 
individuals with five purchases per consumer. 


Stochastic Brand Choice Framewors for Econometric Modeling 
of Time Series Market Share Behavior, A, FRANK M. BASS 
and THOMAS L. PILON, November, 486. 

The two main purposes of this article are (1) to develop a 
model of individual behavior in the choice of brands which can 
be aggregated over consumers to produce a model of market 
share behavior of brands and (2) to show how modern multiple 
time series analysis can be applied within the general structure 
we develop to choose among specific alternative models. Starting 
at the individual level, we devise a stochastic brand choice model. 
The character of consumer heterogeneity is specified, permitting 
aggregation. The aggregation allows a model of aggregate brand 
switching to be derived as well as a model of market share 
behavior through time. Panel data are analyzed in terms of brand 
switching and market share behavior. 


Stochastic Preference Theory: Some Unresolved Questions, JOAN 
ZIELINSKI, August, 379. 
See ‘‘Brand Choice”’ 


Structure of Repeat Buying for New Packaged Goods, MANOHAR 
U. KALWANI and ALVIN J. SILK, August, 316. 
See ‘‘Buyer Behavior’’ 


Testing Cumulative Advertising Effects: A Comment on Method- 
ology, DOYLE L. WEISS and PIERRE M. WINDAL, August, 
371. 

See ‘‘Advertising and Media Research’’ 


Value of Information for Selected Appliances, The, BRIAN T. 
RATCHFORD, February, 14. 
See ‘Buyer Behavior’’ 


FORECASTING 


Ehrenberg’s Negative Binomial Model Applied to Grocery Store 
Trips, GIL A. FRISBIE, JR., August, 385. 
See ‘“‘Econometric Models”’ 


Estimation and Forecast Performance of a Multivariate Time Series 
Model of Sales, MARK MORIARTY and GERALD SALAMON, 
November, 558. 

A unique form of a multivariate time series model—a ‘‘seem- 
ingly unrelated autoregressive moving average’’ model (SURAR- 
MA)—is developed in the context of forecasting unit sales of 
a product in four states. Data from an anonymous firm are used 
to test the appropriateness of the model and are found to conform 
to the model’s constraints. The model provides substantial im- 
provement in parameter estimation efficiency and forecast per- 
formance in comparison with individual state univariate models. 
SURARMA is potentially relevant to many market forecasting 
problems involving multiple constituent time series subunits such 
as states, regions, or products from a product line. 


Models of Competitive Television Ratings, DENNIS GENSCH and 
PAUL SHAMAN, August, 307. 
See ‘‘Advertising and Media Research’’ 


New Model for Predicting Behavioral Intentions, A: An Alternative 
to Fishbein, PAUL R. WARSHAW, May, 153. 
See ‘‘Buyer Behavior”’ 


Predicting Purchase and Other Behaviors from General and Contex- 
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tually Specific Intentions, PAUL R. WARSHAW, February, 26. 
See ‘Buyer Behavior”’ 


Predicting Response Speed in Mail Surveys, STEPHEN J. HUX- 
LEY, February, 63. 
See ‘Sampling and Survey Methods” 


State-of-Mind Effects on the Accuracy with Which Utility Functions 
Predict Marketplace Choice, PETER WRIGHT and MARY ANN 
KRIEWALL, August, 277. 

See ‘‘Measurement’”’ 


Structure of Repeat Buying for New Packaged Goods, MANOHAR 
U. KALWANI and ALVIN J. SILK, August, 316. 
See “‘Buyer Behavior”’ 


INDUSTRIAL MARKETING 


Effectiveness of Industrial Print Advertisements Across Product 
Categories, The, DOMINIQUE M. HANSSENS and BARTON 
A. WEITZ, August, 294. 

See ‘‘Advertising and Media Research’’ 


Industrial Buyers’ Choice Strategies: A Protocol Analysis, 
LOWELL E. CROW, RICHARD W. OLSHAVSKY, and JOHN 
O. SUMMERS, February, 34. 

Protocol analysis was used to develop detailed simulation 
models of the decision processes individual industrial buyers use 
in requesting quotations and selecting a final supplier. The results 
suggest that industrial buyers frequently employ multistage deci- 
sion models involving conjunctive processes. 


INFORMATION PROCESSING 


Contextual Influences on Consumer Price Responses: An Experi- 
mental Analysis, ERIC N. BERKOWITZ and JOHN R. WAL- 
TON, August, 349. 

See ‘‘Pricing Research’’ 


Discrimination Testing and Product Decisions, HOWARD MOS- 
KOWITZ, BARRY JACOBS, and NEIL FIRTLE, February, 
84. 

See ‘‘Buyer Behavior’ 


Experimental Investigation of Comparative Advertising: Impact of 
Message Appeal, Information Load, and Utility of Product Class, 
STEPHEN GOODWIN and MICHAEL ETGAR, May, 187. 

See ‘‘Advertising and Media Research”’ 


Industrial Buyers’ Choice Strategies: A Protocol Analysis, 
LOWELL E. CROW, RICHARD W. OLSHAVSKY, and JOHN 
O. SUMMERS, February, 34. 

See ‘‘Industrial Marketing”’ 


Policy-Related Experiments on Information Provision: A Normative 
Model and Explication, MICHAEL J. HOUSTON and MI- 
CHAEL L. ROTHSCHILD, November, 432. 

See ‘‘Social Issues and Public Policy” 


State-of-Mind Effects on the Accuracy with Which Utility Functions 
Predict Marketplace Choice, PETER WRIGHT and MARY ANN 
KRIEWALL, August, 277. 

See ‘‘Measurement”’ 


Television Commercial Wearout: An Information Processing View, 
BOBBY J. CALDER and BRIAN STERNTHAL, May, 173. 
See ‘‘Advertising and Media Research’’ 


Validity of Information Display Boards: An Assessment Using 
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Longitudinal Data, DONALD R. LEHMANN and WILLIAM 
L. MOORE, November, 450. 

An experiment was done in which subjects acquired information 
on, made choices among, and consumed thzir choices of five 
health breads once a week for six weeks. Information acquisition 
was monitored by means of an information display board (IDB). 
Validity of the methodology was assessed by comparing actual 
information acquisition with hypotheses based on theory and/or 
empirical evidence. This method showed reasonable construct 
validity. The amount of information acquired declined signifi- 
cantly between each pair of adjoining choice occasions. The 
introduction of a new brand in the fourth week did not increase 
total acquisition, but shifted the search primarily to the new 
brand. Similarly, announcement of a price reduction on one bread 
did not increase total acquisition, but shifted information acquisi- 
tion to the reduced-price brand and to the prices of the other 
brands. 


Value of Information for Selected Appliances, The, BRIAN T. 
RATCHFORD, February, 14. 
See ‘“‘Buyer Behavior’ 


MEASUREMENT 


Alternating Least Squares Optimal Scaling: Analysis of Nonmetric 
Data in Marketing Research, WILLIAM D. PERREAULT, JR. 
and FORREST W. YOUNG, February, 1. 

See ‘‘Scaling Methods’’ 


Comment on ‘‘A New Measure of Predictor Variable Importance 
in Multiple Regression,’>» BARBARA BUND JACKSON, Feb- 
ruary, 113. 

See ‘‘Regression and Other Statistical Techniques”’ 


Measuring Correlation in Ordered Two-Way Coiiingency Tables, 
ULF OLSSON, August, 391. 
See ‘‘Regression and Other Statistical Techniques’’ 


Measuring Personal Values: An Evaluation of Alternative Methods, 
THOMAS J. REYNOLDS and JAMES P. JOLLY, November, 
S31. 

Three methods of gathering and evaluating value profiles for 
use in market segmentation are compared. Different reliability 
estimates are found to produce different conclusions as to the 
relative test-retest reliability of the three methods. However, 
the most appropriate statistical measure, Kendall’s tau,, revals 
that Likert rating scales are significantly less reliable than either 
rank ordering or paired comparison procedures. No differences 
in subject interest are found among the methods, but Likert 
scales and rank ordering require less response time than do paired 
comparisons. Implications for method choice and future research 
are discussed. 


On Using Response Latency to Measure Preference, DAVID A. 
AAKER, RICHARD P. BAGOZZI, JAMES M. CARMAN, and 
JAMES M. MacLACHLAN, May, 237. 

The role of response latency m the measurement of preferences 
is investigated by means of a causal modeling method. The 
convergent validity and predictive validity of response latency 
measures are examined and compared with those of constant 
sum and paired comparison procedures. 


Possible Biases in Parameter Estimation with Store Audit Data, 
ROBERT SHOEMAKER and LEWIS G. PRINGLE, February, 
91. 


Researchers frequently use the Nielsen ‘‘bimonthly”’ retail audit 
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data as a measure of actual sales over a two-month period. The 
results of several simulations suggest that this practice can lead 
to parameter estimates that are biased by as much as 22%. A 
bias of this magnitude could seriously affect conclusions reached 
by researchers and lead managers to make incorrect marketing 
decisions. This discrepancy is due to the fact that different stores 
in the Nielsen sample are audited over different two-month 
periods. As a result, the aggregate Nielsen audit figure partially 
reflects sales over a three-month period. Several procedures for 
reducing the bias in the parameter estimates are suggested. 


Reply to ‘‘A Comment on a New Measure of Predictor Variable 
Importance in Multiple Regression,’> PAUL E. GREEN, J. 
DOUGLAS CARROLL, and WAYNE S. DeSARBO, February, 
116. 

See ‘‘Regression and Other Statistical Techniques”’ 


State-of-Mind Effects on the Accuracy with Which Utility Functions 
Predict Marketplace Choice, PETER WRIGHT and MARY ANN 
KRIEWALL, August, 277. 

Derived and reported utility functions for members of a high 
school junior’s family were used to predict actual college applica- 
tions made the next year. Whether or not advance deliberations 
were prompted before the utility measurement was varied, as 
was whether or not subjects imagined an imminent commitment 
deadline. The predictions were poorer when subjects did not 
deliberate in advance or imagine a commitment was imminent. 
The reported utilities gave better predictions than the derived 
ones. 


NEW PRODUCT RESEARCH 


Discrimination Testing and Product Decisions, HOWARD R. MOS- 
KOWITZ, BARRY JACOBS, and NEIL FIRTLE, February, 
84. 

See ‘“‘Buyer Behavior’ 


Structure of Repeat Buying for New Packaged Goods, MANOHAR 
U. KALWANI and ALVIN J. SILK, August, 316. 
See ‘‘Buyer Behavior’ 


PRICING RESEARCH 


Application of Sequential Analysis in Market Research, The, E. 
J. ANDERTON, K. GORTON, and R. TUDOR, February, 97. 
See ‘‘Regression and Other Statistical Techniques”’ 


Applied Dynamic Pricing and Production Models with Specific 
Application to Broadcast Spot Pricing, LEONARD M. LODISH, 
May, 203. 

Easily implemented dynamic models for pricing and production 
or ordering decisions are developed for products or services whose 
value to the consumer may be changing over time. The models 
are easily solved by brute force dynamic programming. Imple- 
mentation examples of models for broadcast pricing are presented. 


Comment on ‘‘A Major Price-Perceived Quality Study Reexam- 
ined,’’ J. DOUGLAS McCONNELL, May, 263. 
McConnell replies to Riesz’ reexamination of his 1967 study. 


Contextual Influences on Consumer Price Responses: An Experi- 
mental Analysis, ERIC N. BERKOWITZ and JOHN R. WAL- 
TON, August, 349. 

Presentation of price is a common form of retail advertising. 
The authors examine the influences of semantic, comparison, 
and store name cues on consumer price perceptions. The research, 
unlike earlier student-based pricing studies, involved 562 con- 
sumers from a major metropolitan area who were each exposed 
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to one of 16 treatment conditions. Results indicate comparison 
cues produce positive results, whereas the effect of semantic 
cues depends on the particular stimulus. Findings underscore 
the necessity for broader price research beyond traditional quality 
implications and wider representation of product types. 


Financial Terms of Sale and Control of Marketing Channel Conflict, 
MICHAEL LEVY and DWIGHT GRANT, November, 524. 
See ‘‘Channels of Distribution’’ 


Major Price-Perceived Quality Study Reexamined, A, PETER C. 
RIESZ, May, 259. 

An often-cited study of the price-perceived quality relationship 
is reexamined in detail. Relationships for which extremely high 
levels of statistical significance are claimed are shown to be 
neither statistically nor substantively significant. In addition, some 
deficiencies in design seriously threaten the validity of the 
investigation. 


REGRESSION AND OTHER STATISTICAL TECHNIQUES 


Alternating Least Squares Optimal Scaling: Analysis of Nonmetric 
Data in Marketing Research, WILLIAM D. PERREAULT, JR. 
and FORREST W. YOUNG, February, 1. 

See ‘‘Scaling Methods’’ 


Application of Sequential Analysis in Market Research, E. J. 
ANDERTON, K. GORTON, and R. TUDOR, February, 97. 
The authors review their earlier work on the application of 
sequential analysis to market research problems. An extension 
of the method investigating the relationship between consumer 
preference and price level is described and a novel sequential 
chart is presented for use when the degree of preference is to 
be determined. 


Comment on ‘“‘A New Measure of Predictor Variable Importance 
in Multiple Regression,” BARBARA BUND JACKSON, Feb- 
ruary, 113. 

The 8; measure suggested by Green, Carroll, and DeSarbo 
for measuring the importance of individual independent variables 
in multiple regression is shown to involve exactly the same types 
of shortcomings as do the measures it is intended to replace. 


Complementary Use of Multivariate Procedures to Investigate 
Nonlinear and Interactive Relationships Between Personality and 
Product Usage, CHARLES M. SCHANINGER, V. PARKER 
LESSIG, and DON B. PANTON, February, 119. 

Several multivariate procedural approaches—canonical analy- 
sis, cluster analysis paized with multiple discriminant analysis, 
and Taylor expansion regressions with trend surface mapping— 
are used in a complementary fashion to examine and cross-validate 
nonlinear and interactive relationships between personality and 
product usage variables. 


Evaluation of Conjoint Analysis Results: A Comparison of Methods, 
FRANKLIN ACITO and ARUN K. JAIN, February, 106. 
Three methods for evaluating conjoint analysis results are 
described and compared. Each of the methods is applied to a 
data base that involved three separate conjoint analysis tasks 
for 249 respondents. 


Levels of Aggregation in Conjoint Analysis: An Empirical Compari- 
son, WILLIAM L. MOORE, November, 516. 
Two segmented methods of performing conjoint analysis, 
clustered and componential segmentation, are compared with each 
other as well as with individual level and totally aggregate level 
analyses. The two segmented methods provided insights to the 
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data that (1) are not obtainable at the aggregate level and (2) 
are in a form that is more easily communicated than the informa- 
tion from the individual level analysis. The predictive power 
of the clustered segmentation method is higher than that of 
componential segmentation, and both are superior to the aggregate 
analysis but inferior to individual level analysis. 


Maximum Likelihood Estimation of Zero-Order Models Given 


Variable Numbers of Purchases per Household, MANOHAR U. 
KALWANI, November, 547. 
See ‘“‘Econometric Modeis”’ 


Measuring Correlation in Ordered Two-Way Contingency Tables, 


ULF OLSSON, August, 391. 

The product moment correlation coefficient is often used even 
for ordinal data with only a few scale steps. This procedure 
may lead to biased results, where the bias depends on the number 
of scale steps and on the skewnesses of the observed variables. 
The polychoric correlation coefficient, which is a generalization 
of the tetrachoric correlation to the general case, is discussed 
as a possible measure of correlation for this kind of data. 


Model-Free Approach for Analysis of Complex Contingency Data 


in Survey Research, A, WILLIAM D. PERREAULT, JR. and 
HIRAM C. BARKSDALE, JR., November, 503. 
See ‘‘Sampling and Survey Methods’’ 


Monté Carlo Comparison of Factor Analytic Methods, FRANKLIN 


ACITO and RONALD D. ANDERSON, May, 228. 

Three factor analytic procedures, principal components analy- 
sis, image analysis, and alpha factor analysis, are compared by 
means of a Monté Carlo simulation. The simulation allows 
systematic tests of the ability of each method to recover prespeci- 
fied facior patierns. Image and alpha analysis are found to be 
more accurate than principal components analysis, especially for 
the type of problem to which facior analysis is applied in 
marketing. Recommendations for applied research and sugges- 
tions for future methodological work are made on the basis of 
the study findings. 


Regression Model for Market Segmentation Studies, A, ALBERT 


R. WILDT and JOHN M. McCANN, August, 335. 
See ‘‘Segmentation Research’”’ 


Reply to ‘‘A Comment on a New Measure of Predictor Variable 


Importance in Multiple Regression,” PAUL E. GREEN, J. 
DOUGLAS CARROLL, and WAYNE S. DeSARBO, February, 
116. 

The authors reply to Jackson’s comment. 


Testing Cumulative Advertising Effects: A Comment on Method- 


ology, DOYLE L. WEISS and PIERRE M. WINDAL, August, 
371. 
See ‘‘Advertising and Media Research’”’ 


SAMPLING AND SURVEY RESEARCH 


Determination of Optimal Sample Sizes in the Beta-Binomial Brand 


Choice Model, MOSHE M. GIVON, February, 58. 
See ‘“‘Brand Choice”’ 


Effect of Monetary Inducement on Mailed Questionnaire Response 


Quality, The, STEPHEN W. McDANIEL and C. P. RAO, May, 
265. 

A mailed questionnaire study examined the effect of a 25-cent 
monetary inducement on three components of response quality: 
item omission, response error, and completeness of answer. The 
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monetary inducement is found to decrease item omission and 
response error significantly. Some research support is shown 
for improving completeness of answer. 


Estimating Response Rates for Different Market Segments from 
Questionnaire Data, WALTER DOLDE, RICHARD STAELIN, 
and TSU YAO, May, 245. 

See ‘‘Segmentation Research”’ 


Improving the Quality of Shopping Center Sampling, SEYMOUR 
SUDMAN, November, 423. 

Shopping center sampling is popular because of low costs, 
but typical procedures are haphazard and thus generalization 
is difficult. In this article, procedures are described for careful 
sampling of shopping centers. They require probability sampling 
of the centers and of times and locations within centers. Finally, 
for unbiased estimates, data must be weighted by number of 
trips and imputations made for nonshoppers. 


Model-Free Approach for Analysis of Complex Contingency Data 
in Survey Research, A, WILLIAM D. PERREAULT, JR. and 
HIRAM C. BARKSDALE, JR., November, 503. 

Analysis and interpretation of higher order cross-tabulation 
data are of recurring concern in marketing research. The authors 
present a parsimonious new approach to this data analysis 
problem. Specifically, a model-free approach is proposed which 
helps to identify differences in the response distribution of a 
criterion variable based on segments of respondents defined by 
characteristics of the predictor variables. The approach, which 
relies on Bonferroni adjusted chi square statistics to direct a 
sequential search process, is illustrated in a segmentation analysis 
of data from a national consumer survey. The results of analyzing 
the same data by AID and LOGIT procedures are also examined. 
The article concludes with a discussion of potential applications, 
limitations, and extensions of the new approach. 


More on Self-Perception Theory’s Foot Technique in the Pre- 
Cali/Maii Survey Setting, CHRIS T. ALLEN, CHARLES D. 
SCHEWE, and GOSTA WIJK, November, 498. 

A field experiment conducted in Sweden compared the effec- 
tiveness of two types of telephone pre-calls in influencing response 
rates in a mail survey. Response rates for a questioning foot-in- 
the-door manipulation were evaluated against responses produced 
by a simple solicitation call and a blind mailing control. The 
results demonstrate that pre-calling in general enhances response 
rate. However, the results furnish, at best, qualified support 
for a self-perception theory prediction. Alternative explanations 
for the lack of the self-perception foot effect are offered. 
Conclusions are drawn for the practitioner and academic re- 
searcher. 


On Implementing the Door-in-the Face Compliance Technique in 
a Business Context, JOHN C. MOWEN and ROBERT B. 
CIALDINI, May, 253. 

Two experiments were conducted to test the generality of the 
door-in-the-face compliance technique from nonbusiness to busi- 
ness contexts. Results indicate that the compliance-gaining proce- 
dure generalizes if a concession is emphasized by making the 
second request a smaller version of the first request rather than 
a new request, and if the second request is made large enough 
to avoid ceiling effects. 


Predicting Response Speed in Mail Surveys, STEPHEN J. HUX- 
LEY, February, 63. 

All mail surveys encounter resistance when they arrive at their 

destination because they must compete with all other elements 
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in the respondent’s environment for his or her time and coopera- 
tion. This resistance varies in degree from survey to survey but 
the pattern of responses it generates over time is remarkably 
consistent for all surveys: relatively rapid returns in the early 
stages followed by a gradual tapering off. This pattern can be 
described by a simple mathematical function, the modified expo- 
nential, which relates response rates to elapsed time. The purpose 
of this article is to indicate how the parameters of this function 
can be estimated, and how it can be used to predict response 
speed, forecast the time needed to achieve a desired number 
of responses, or estimate the number of questionnaires that ought 
to be mailed out initially. 


Reassessment of the Effects of Appeals on Response to Mail 


Surveys, A, TERRY L. CHILDERS, WILLIAM M. PRICE, 
and O. C. FERRELL, August, 365. 

Two maii surveys were conducted to test experimentally the 
effect of using appeals and postscripts to stimulate response 
to mail surveys. The results indicate that use of appeals presented 
as postscripts does not improve survey response. In one study, 
differences in response rates between treatment groups were 
observed, but in comparison with a control group the overall 
effect was to depress survey response. In the second study, 
treatment effects were equivalent to control group response. In 
both studies, response bias was unaffected and the completeness 
of survey response was not improved. The potential negative 
impact of these survey techniques supports the authors’ recom- 
mendation that control groups be more widely integrated into 
mail survey research designs if both the magnitude and direction 
of inducement effects are to be fully assessed. 


Sample Composition Bias and Response Bias in a Mail Survey: 


A Comparison of Inducement Methods, WESLEY H. JONES 
and JAMES R. LANG, February, 69. 

Inducement techniques that increase mail questionnaire re- 
sponse rates do not necessarily improve the precision of survey 
results. An experimental investigation of sponsorship, cover letter 
message, notification method, and questionnaire format was 
performed. Treatment conditions that influenced response rate 
were found to cause two types of systematic bias that can reduce 
survey accuracy. 


Sample Size Requirements for Zero-Order Models, MANOHAR 


U. KALWANI and DONALD G. MORRISON, May, 221. 
See ‘‘Econometric Models’’ 


Self-Perception Interpretation of the Effect of Monetary and Non- 


monetary Incentives on Mail Survey Respondent Behavior, A, 
ROBERT A. HANSEN, February, 77. 

Self-perception theory is applied to explain mail survey re- 
spondent behavior when incentives to respond are used. The 
results support the hypothesis that when external cues are present 
(i.e., incentives are used) the level of compliance, as measured 
by response quality, is reduced. A monetary and a comparable 
value nonmonetary incentive are used. The psychological value 
of money explanation is supported as the monetary incentive 
group yields a significantly higher response rate and faster 
response. 


Testing the Effectiveness of Alternative Foot-in-the-Door 


Manipulations, ROBERT A. HANSEN and LARRY M. ROBIN- 
SON, August, 359. 

Recently the foot-in-the-door principle was applied in a typical 
business research setting by Reingen and Kernan. Results of 
this single-contact or nondelay foot application were mixed; 
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compliance rates for the foot treatment groups lacked statistical 
significance when compared with those of appropriate control 
groups. A field experiment undertaken to explain these results 
yields evidence that the specific nature of the foot manipulation 
in part determines its effectiveness. The study compares the 
effectiveness of high and low involvement foot manipulations 
in generating compliance with both short and long forms of a 
mail questionnaire. The high and the low involvement foot 
manipulations generate significantly higher response rates and 
faster response times than a noncontact control situation. In 
addition, the short form questionnaires generate a higher return 
rate. High involvement foot treatments generate higher response 
rates than low involvement foot treatments. Managerial implica- 
tions of the results and suggestions for future research are 
presented. 


Validity of Information Display Boards: An Assessment Using 
Longitudinal Dataa DONALD R. LEHMANN and WILLIAM 
L. MOORE, November, 450. 

See ‘‘Information Processing”’ 


SCALING METHODS 


Alternating Least Squares Optimal Scaling: Analysis of Nonmetric 
Data in Marketing Research, WILLIAM D. PERREAULT, JR. 
and FORREST W. YOUNG, February, 1. 

The authors discuss and illustrate the advantages and limitations 
of a family of new approaches to the analysis of metric and 
nonmetric data in marketing research. The general method, which 
is based on alternating least squares optimal scaling procedures, 
extends the analytical flexibility of the general linear model 
procedures (ANOVA, regression, canonical correlation, dis- 
criminant analysis, etc.) to situations in which the data (1) are 
measured at any mixture of the nominal, ordinal, or interval 
levels and (2) are derived from either a discrete or continuous 
distribution. The relationship of these procedures to traditional 
linear models and to other nonmetric approaches (such as multidi- 
mensional scaling and conjoint analysis) is reviewed. 


Optimal Number of Response Alternatives for a Scale, The: A 
Review, ELI P. COX III, November, 407. 

A conceptual framework employing the distinction between 
stimulus-centered and subject-centered scales is presented as a 
basis for reviewing 80 years of literature on the optimal number 
of response alternatives for a scale. Concepts and research from 
information theory and the absolute judgment paradigm of psy- 
chophysics are used. The author reviews the major factors 
influencing the quality of scaled information, points out areas 
in particular need of additional research, and makes some recom- 
mendations for the applied researcher. 


SEGMENTATION RESEARCH 


Estimating Response Rates for Different Market Segments from 


Questionnaire Data, WALTER DOLDE, RICHARD STAELIN, 
and TSU YAO, May, 245. 

Often the response rate for a given market segment is a function 
of the relevance of the topic to that segment. Consequently, 
in situations where the topic interest differs among segments, 
it is not correct to use the proportion of returned responses 
that indicate interest in the topic as the estimate of the ponulation 
proportion. The authors describe three different models useful 
in assessing differential response rates and the mcthods for 
estimating each model. An application of real survey data is 
used to compare and contrast the different estimates. 


Regression Model for Market Segmentation Studies, A, ALBERT 


R. WILDT and JOHN M. McCANN, August, 335. 

A model is developed for incorporating the long-standing 
marketing research effort of explaining variation in observed 
consumption behavior into the more recent notion that such 
behavior has an inherent component of randomness. The model 
recognizes that consumption behavior on any giv’-n occasion will 
fluctuate around some mean consumption level and that this 
mean consumption level will vary across the population in a 
systematic manner which is related to the characteristics of the 
consuming unit. However, it is not assumed that the relationship 
is exact, but that it contains an element of randomness. The 
properties of the model are examined and it is compared with 
ordinary least squares models of the same phenomenon. 


SOCIAL ISSUES AND PUBLIC POLICY 


Converging Conflicting Research Findings: The Oregon Bottie Bill 


Case, MICHAEL D. GEURTS and GLORIA WHEELER, No- 
vember, xxx. 

The authors describe a method for reaching a consensus with 
conflicting research findings and illustrate its use in the case 
of a current public policy issue. 


Policy-Related Experiments on Information Provision: A Normative 


Model and Explication, MICHAEL J. HOUSTON and MI- 
CHAEL L. ROTHSCHILD, November, xxx. 

As government agencies have become more proactive they 
have begun to conduct prospective impact evaluation studies. 
Laboratory experimentation is an appropriate method for such 
studies. The authors discuss relevant issues and normative values 
to be considered in developing and evaluating such research in 
a public policy setting. An explication of the model in a policy 
case is presented. 
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